














benefits to science and society, including high-quality, fast data reconstruction and selection in
experiments, automated detector control, or smarter IoT devices, it may also be used for nefarious
purposes, such as surveillance or military unmanned aerial vehicles.
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A Alternative GNN Model in hls4ml

In addition to the first model shown in Fig. 1, we also implement the second model in hl1s4ml. In this
model, the same architecture is used as the one implemented in OpenCL, except the neural network
sizes are reduced: the ¢§ network has layers of sizes (8,8, 8,1) and ¢} has layers of sizes (8, 8, 3).
Figure 4 shows the AUC (far left) and the latency in clock cycles for a 5 ns clock period (center left)
as a function of the total bit precision, while the integer part is fixed to 6 bits. We see that above
16 total bits, the quantized model effectively reproduces the 32-bit floating point model. Figure 4
also shows the latency (center left) and resource usage estimates (far right) versus reuse factor at a
constant fixed point precision of (16, 6). This small implemented model reasonably fits on a single
FPGA with a latency less than 1 ps.
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Figure 4: Alternative GNN segment classifier model implemented in h1s4ml. AUC (far left) and
latency (center left) in clock cycles for a 5 ns clock period as a function of the total bit width. The
reuse factor (and thus II) is set to be 8. Latency (center right) and resource usage estimates (far right)
relative to the available resources on a Xilinx KU 115 FPGA versus reuse factor for fixed total bit
precision of (16, 6).
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